Background More insight into predictive factors is needed to identify employees at risk for future sickness absence. Companies register potentially relevant information regarding sickness absence in their human resources and work schedule administration.
Introduction
Sickness absence can have unfavourable consequences for the employee, employer and society [1, 2] . In the literature, a distinction is made between short-and long-term sickness absence [3, 4] . Short-term sickness absence can be caused by health conditions with an episodic occurrence (e.g. migraine) or be part either of a behavioural pattern or of a coping strategy to prevent long-term sickness absence [5, 6] . Long-term sickness absence, on the other hand, can be an indicator of poor health, including serious conditions leading to work disability. It also contributes disproportionally to a company's total number of sickness absence days, while it accounts for a small fraction of the number of absence episodes [1, 4, 7] . It is clear that both the employer and employee would benefit if sickness absence could be prevented. Previous studies have shown positive results through early detection of employees who were at risk of future sickness absence, followed by targeted interventions [8, 9] . Individual factors that have been shown to increase the risk of sickness absence are health status, personal factors (e.g. age, gender), psychosocial determinants (e.g. personality traits and coping mechanisms) and work-related factors such as physical (e.g. ergonomic factors), psychosocial (e.g. job strain, social support) and work schedule characteristics [3, 6, 10] .
Employees in the airline industry are exposed to a wide range of working conditions (including irregular working hours and high physical and psychological workloads) that have been associated with sickness absence [11] . In the Netherlands, the employer is responsible for the return-to-work process in the first 2 years of employees' sickness absence. In case of sickness absence, employees are invited to visit an occupational physician and after 6 weeks, a return-to-work plan is made. After 2 years of sickness absence, employers may terminate the employment contract when they have shown that they did their best to support the employee's return to work. Employers have an important role in the return-to-work process and are mostly motivated to prevent sick leave because of the financial incentives.
However, in order to be able to identify employees at risk of future sickness absence, more insight into predictive factors is needed. Although it is difficult to obtain information about their employees' traits and coping mechanisms companies do register potentially relevant information regarding future sickness absence in their human resources administration and work schedule data. Previous research has shown that data from sickness absence records can help to predict future sickness absence [3, 12] but the predictive value of other administrative data available within a company is unclear. Knowledge of how existing data can help to identify employees at risk of future sick leave would be of great value for early interventions. Therefore, the aim of this study was to investigate which combination of administrative company data, reflecting socio-demographic and work-related characteristics best predicted sickness absence in a cohort of airline employees.
Methods
For this study, data from the MORE (Monitoring Occupational Health Risks in Employees) cohort was used. This 5-year historic cohort was set up to analyse occupational health risks of employees of an airline company and consists of all workers employed in the company at 1 January [13] . The cohort data comprised employees' sickness absence, work schedule and human resource records since 1 January 2005. The datasets were combined, anonymized, and coded by an independent occupational physician. According to Dutch law, this study was exempt from medical ethical review.
The study population consisted of all ground staff employees of the company. The reason for this is that employee groups with and without time zone crossings and jetlag due to disturbances of the biological clock cannot be considered as one homogeneous group. Exclusion criteria were being in receipt of a disability pension at 1 January or >365 days of cumulative absence during [2005] [2006] [2007] [2008] , as this group was at risk of receiving a disability pension within 1 year, after 2 years of sickness absence. Flight crew and employees with an executive board position were also excluded, as well as employees with missing data on job classification variables ( Figure 1) .
Sickness absence was defined as absence from work due to health reasons registered by the occupational health service. Calendar days of the registered sickness absence episodes were counted as sickness absence days. Partial absence days were considered as full days of sickness absence. Each sickness absence episode was considered finished when the employee fully returned to work, for at least 1 day [14] . Two dichotomous outcome variables were calculated for the period 1 January 2009 to 1 January 2010. Long-term sickness absence was defined as at least one episode of >42 consecutive sickness absence days. Frequent sickness absence was defined as at least four sickness absence episodes [3, 15] .
Potential predictors were retrieved from the MORE database at 1 January 2009. Socio-demographic variables included were age, gender, nationality (Dutch, European, other), marital status (married/cohabiting, single, divorced/widow), pregnancy during the period 2005 until 2008 (no, yes), having children (no, yes), number and age of the children (number of children of age between 0 and 3, 4 and 11, 12 and 15, and 16 or older), commuting distance (0-15, 16-24, 25-41, ≥42 km), a public transport pass (no, yes) and a parking permit (no, yes). Employees received a parking permit if they had health-related mobility problems or if they applied for a parking lot with sufficient empty space. In the latter case, the issue of a permit was based on the seniority of the worker. Change in marital status was converted into two dichotomous variables; marriage between 2005 and 2008 (no, yes) and divorce between 2005 and 2008 (no, yes). Work-related variables were employment years, salary scale (low, medium, high) and mean contract rate during 2009 (0-50, 51-80, 81-99 and 100%). All job titles were scored on the characteristics responsibility, knowledge requirements, social interaction, special operational requirements (such as specific motor skills or a high degree of attention) and 'aggravated working conditions' (physical workload as a result of posture, lifting and abnormal working conditions) by means of a job classification system, ORBA [16] . The ORBA method was developed by the largest Dutch employers' organization and describes and evaluates information about the jobs of 1.4 million employees [16] . In this study, all job titles present in the study population were systematically scored on a continuous scale by independent evaluators, on the following characteristics: responsibility, knowledge requirements, social interaction, special operational requirements and aggravated working conditions. Due to multicollinearity (r > 0.8), only the scores on knowledge requirements, special operational requirements and aggravated working conditions were used for the analyses.
The number of night shifts (shifts that comprised >1 h between 0:00 and 6:00) was counted for each individual and the scores were divided into quartiles (0, 1-17, 18-94, ≥95). Three dichotomous variables were created from the daily work schedules: shift work during 2005-2008 (no, yes), started working night shifts after 2005 (no, yes) and stopped working night shifts after 2005 (no, yes). Dichotomous variables were created to describe whether an employee had worked overtime and whether an employee had spent any hours attending courses. Different types of furlough hours (e.g. holidays or unpaid leave) were summed into a continuous variable. Finally, the total number of sickness absence days during 2005-2008 was calculated and divided into quartiles (0-25 days, 26-66, 67-139, ≥140). This variable will be referred to as previous sickness absence. Skewed variables were divided into quartiles, i.e. the number of children, commuting distance, mean contract rate, the number of night shifts and the total number of sickness absence days during 2005-2008.
The two-step method proposed by Hosmer and Lemeshow [17] was used to compose two predictive models. After a pre-selection using univariate logistic regression analyses (P < 0.1), the remaining variables were tested for multicollinearity (r > 0.8). If multicollinearity was assumed, the variable with the lowest P value in the univariate analysis was selected. Next, all potential predictors were entered into a multivariate logistic regression model which was constructed using the automatic backward selection procedure (P < 0.05). Effect modification was taken into account by adding interaction terms to the models (independent variable × potential effect modifier). If the interaction term proved to be significant (set at P < 0.001), it was added to the final model. Gender, age, marital status, having children and shift work (no, yes) were tested for effect modification. The performance of the models was determined by their goodness of fit (Hosmer-Lemeshow test), explained variance (Nagelkerke's R 2 ) and discriminative ability (the area under the receiver operating characteristic curve) [18] . Bootstrapping techniques were used to internally validate both models, i.e. to simulate their performance with respect to explained variance and discriminative ability in comparable data sets. For each prediction model, 250 bootstrap samples were drawn [18, 19] . Statistical analyses were conducted using R version 3.2.2 and SPSS version 22.0.
Results
In total, 7652 employees were available for the analyses. The descriptive characteristics of the study population are presented in Table S1 , available as Supplementary data at Occupational Medicine Online. The average age of the employees was 45. The majority was male (82%), married or cohabiting (75%), had a full-time contract (74%) and performed shift work (80%). For 8% of the employees, at least one sickness absence episode of >42 days was registered in 2009 while 12% called in sick more than three times in 2009.
The prediction model for long-term sickness absence included three socio-demographic characteristics (higher age, not being married and being pregnant between 2005 and 2008), two job type characteristics (having a parking permit and an aggravated working conditions score >11) and more previous sickness absence. No interaction terms were added to the model as the P values of the interaction terms were all >0.001 (Table 1) . The model had a goodness of fit of P = 0.627, an explained variance of 10.9% and a discriminative ability of 0.72. The bootstrapping analyses revealed an explained variance of 10.6% and a discriminative ability of 0.72.
The prediction model for frequent sickness absence included three socio-demographic characteristics (being single, not having children above the age of 16 (independent of having children at all or children in other age groups) and not having a parking permit), two job type characteristics (having a job with special operational requirements and not working in a job involving shift work) and more previous sickness absence (Table 2) . No interaction terms were added to the model as all interaction terms had P values >0.001. The model had a goodness of fit of P = 0.648, an explained variance of 14.2% and a discriminative ability of 0.73. The bootstrapping analyses revealed an explained variance of 13.9% and a discriminative ability of 0.73.
Discussion
Long-term sickness absence was best predicted by a combination of higher age, pregnancy between 2005 and 2008, having a parking permit, more aggravated working conditions and more previous sickness absence and was inversely related to marriage in the preceding period. Frequent sickness absence can be predicted by a combination of being single, not having children of 16 years and older, not having a parking permit, not doing shift work, more special operational requirements and more previous sickness absence. The main strength of this study is the use of data on a large historic cohort of >7500 employees over a 5-year period without recall bias. A limitation is that we were dependent on the company records at the time of the study, which were not selected based on theories or models on sick leave. However, as we aimed to gain insight into the added value of relatively easy accessible company data in the identification of workers at risk of future sick leave, we do not consider the lack of a theoretical model to be a major limitation.
In both the long-term and frequent sickness absence models, the previous number of sickness absence days was the strongest predictor, which is in agreement with earlier studies [3, 12, 15] . As we do not have information about the cause of sick leave, we cannot differentiate between sickness absence due to work-related injuries and that due to chronic disease. The group with previous sickness absence might represent the group with chronic diseases. Higher age was associated with more long-term sickness absence, which accords with a higher prevalence of chronic disease and poor health with increasing age [3, 8] . Being pregnant between 2005 and 2008 was associated with long-term sickness absence. This might be explained by complications of pregnancy or giving birth. In the Netherlands, women have 10-12 weeks of maternity leave. Complications during pregnancy or giving birth may lead to sick leave after the maternity leave period.
Recent marriage appeared to reduce the probability of absences. Being single or not having children aged 16 and older, compared with having two or more children aged 16 or older, was associated with frequent sickness absence. Previous studies found mixed effects of marital status and household composition on sickness absence [3, 6, [20] [21] [22] , suggesting a complex relationship. Having a company parking permit was predictive for long term sickness absence but was protective for frequent sick leave. This may be related to the fact that a proportion of permits are given to workers with health problems. In addition, car commuters appear less healthy than public transport or cycling commuters [23] . The opposite findings for frequent sick absence may be explained if those with long-term sickness absence are generally less likely to take frequent sick leave. In addition, this group may have a higher threshold for calling in sick as commuting by car may be easier than using public transport [23] .
The association of aggravated working conditions with long-term sickness absence accords with previous work on exposure to high physical workload and musculoskeletal disorders, which can result in sickness absence [2, 6, 10] . Shift work was found to be associated with a lower risk for frequent sickness absence, which is probably caused by the healthy worker effect; i.e. only those that can cope with shift work will continue working shifts (exit selection) [24] . Having a job with special operational requirements was associated with more frequent sickness absence, which is likely to be caused by a high physical or psychological job strain [25, 26] .
The predictive models had a moderate goodness of fit and discriminative ability, but a low explained variance (<15%) [18] . The explained variance found in this study is too low to use the models to identify individuals at risk [18] . It is known that sickness absence is not merely an indicator of ill health, but that behaviour, coping strategies and social, economic and psychological processes are involved as well [4] . However, as we aimed to gain insight into how already available administrative data could be used to identify groups of workers at risk for sickness absence, we conclude that additional data are needed. However, this study can serve as a starting point based on which data related to behavioural or psychological processes that are more difficult to retrieve can be added to the models step by step. For instance, a simple question about self-rated health has been shown to explain 32% of the variance in frequent sickness absence [27] . The outcomes of our study might be used to identify trends related to the onset of sickness absence, or to implement preventive measures at a higher (group) level. Since previous sickness absence was the strongest predictor in both models, companies should pay attention to employees with earlier sickness in the hope of preventing future sickness absence.
In conclusion, based on the model properties, it is possible to compose stable models to predict future sickness absence using socio-demographic and work-related variables retrieved from administrative company data, although the predictive value was generally low. In line with earlier studies, we found that sickness absence in the past is a powerful predictor for both long-term and frequent sickness absence. Additional research is needed to determine which other relevant factors could feasibly be added to be able to select employees at risk for sick leave.
Key points
• In this study of airline ground staff in the Netherlands, both long-term and frequent sickness absence proved to be predominately predicted by recorded past sickness absence.
• It is possible to construct stable models to predict future sickness absence using socio-demographic and work-related variables originating from currently available administrative company data.
• Because the amount of explained variance of the models was low, their outcomes should not be used in an attempt to identify individual employees at high risk of future sickness absence.
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